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ABSTRACT
Well-defined relationships between oligonucleotide
properties and hybridization signal intensities (HSI)
can aid chip design, data normalization and true
biological knowledge discovery. We clarify these
relationships using the data from two microarray
experiments containing over three million probes
from 48 high-density chips. We find that melting
temperature (Tm) has the most significant effect on
HSI while length for the long oligonucleotides
studied has very little effect. Analysis of positional
effect using a linear model provides evidence that
the protruding ends of probes contribute more than
tethered ends to HSI, which is further validated by
specifically designed match fragment sliding and
extension experiments. The impact of sequence
similarity (SeqS) on HSI is not significant in compar-
ison with other oligonucleotide properties. Using
regression and regression tree analysis, we prior-
itize these oligonucleotide properties based on their
effects on HSI. The implications of our discoveries
for the design of unbiased oligonucleotides are
discussed. We propose that isothermal probes
designed by varying the length is a viable strategy
to reduce sequence bias, though imposing selection
constraints on other oligonucleotide properties is
also essential.
INTRODUCTION
Microarray technologies have become widely used in
genome-wide gene expression studies. However, the
interpretation of microarray data can be challenging
because of technical and biological variation (1) and bias
introduced by diﬀerences in probe sequences. Mounting
evidence (2–6) has shown that sub-optimally designed
probes are widely used in common microarray platforms.
Presently, the noise resulting from biological and technical
variation can be largely removed by using a number of
diﬀerent controls and proper preprocessing methods.
Removing the sequence-biased signals is more diﬃcult
due to insuﬃcient knowledge of the basis and components
of noise caused by sequence bias. It is generally beneﬁcial
to minimize sequence similarity among probes, minimize
the likelihood of secondary structure formation, achieve
melting temperatures with a limited target range, max-
imize local complementarity and maintain a reasonably
ﬁxed oligonucleotide length (7,8). However, a comprehen-
sive study of the relative importance of each of the factors
for HSI has not been conducted, partly because of the cost
to perform large-scale experiments for studying how
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most experiments performed to explore design criteria are
small scale and can cover only a few oligonucleotide
properties (4,7,9–11). Small-scale experiments can be
well designed and controlled; however, they typically do
not comprehensively evaluate a multitude of attributes
that aﬀect HSI or investigate interactions among these
attributes.
Tm is known to be crucial for nucleic acid hybridization,
but to what degree Tm aﬀects HSI is unknown. Micro-
array signal intensity has been shown to increase mono-
tonically with increasing negative free-energy change (12),
implying that HSI increases positively with Tm (because
the change of free energy is Tm based). A relationship
between HSI and Tm is implicated in earlier melting
experiments (13). In addition to Tm, the relationship
between length and HSI for long oligonucleotides has not
been comprehensively studied. One study covering oligo-
nucleotides with lengths of 25, 50, 70, 100, 150 and 500nt
(14) concluded that longer probes generally yield better
signal intensity. However, lengths of 100nt or longer are
rarely used in existing microarray technology because of
diﬃculties in synthesis. Signals change radically from 25 to
50nt and also from 70 to 100nt, but there is very little
change between 50 and 70nt. With a few widely spaced
lengths, it is diﬃcult to accurately assess a relationship
between length and HSI. SeqS has been a major concern
since the advent of microarrays; however, only a few
studies (7,15,16) have addressed the eﬀects of SeqS on
HSI, and the results from these studies are limited to
homology beyond which cross-hybridization can occur.
The eﬀect of secondary structures on HSI has been
implicated in multiple studies (4,17–20); however, the
probes that were studied are exclusively of short oligonu-
cleotides. Only one study (21) covered long oligonucleo-
tides, but the eﬀect of secondary structure can be observed
on only 23 of 54 chips, suggesting nothing more than a
weak and inconsistent relationship between secondary
structures and HSI.
In this study, we explore a large quantity of expression
and expression tiling microarray data to deﬁne relation-
ships between oligonucleotide properties and HSI to assist
in the design of unbiased probes or in the normalization of
raw data that arise from biased probes. We calculate
several oligonucleotide properties including Tm, SeqS,
longest polyN, repeats, and others, and then perform a
comprehensive study of these properties using regression
tree analysis. We provide a ranking of the various
oligonucleotide properties with regard to their eﬀect on
HSI, and show evidence for interactions among diﬀerent
oligonucleotide attributes. The possible mechanism for the
eﬀect of each oligonucleotide property on HSI is
discussed.
MATERIALS AND METHODS
Microarray and datapreprocessing
Two datasets were used in this study. Dataset I contains
39 high-density human gene expression arrays manufac-
tured by NimbleGen Systems (www.nimblegen.com),
each with 388486 probes from  36000 human locus
identiﬁers from the HG17 assembly. All probes are
60-mers with a varying melting temperature between
458C and 768C, according to the formula shown in the
next section. All chips were hybridized to genomic
DNA (gDNA) that was extracted from human embryonic
stem cells (hESCs) and then sonicated into fragments with
an average length of 300 base pairs (bp) before being
labeled with Cy3. Raw data were extracted using
NimbleScan software v2.1. The signal intensities from
these arrays were normalized with the Robust Multiple-
chip Analysis (RMA) algorithm (22). Dataset II is a set of
nine expression-tiling arrays with a resolution of 22nt,
each containing about 385000 probes to interrogate the
expression of 32424 regions throughout the genome. All
probes have a design target Tm of 568C according to the
formula provided in the next section. The actual Tm varies
between 468C and 638C and the length ranges from 45 to
75nt. All of these nine chips were hybridized to cDNAs
that represents mRNAs extracted from undiﬀerentiated
hESCs. The expression raw data were extracted using
NimbleScan software v2.1. To correct for systemic bias
caused by sample labeling and other sources, we applied
qspline normalization to this tiling array data (23). We
then conducted median normalization for the log probe
intensities across chips based on the control sets that were
tiled on the chips. All arrays used to produce Dataset I
and Dataset II were manufactured by NimbleGen
Systems, using their Maskless Array Synthesis technology
(24). There was a 5-nt thymidine linker between each
probe and the glass surface of each chip.
While we are using an expression tiling array design in
Dataset II, we do not utilize target level analysis (e.g.
evaluating the probes as a probe set for one cDNA) in this
article, as this article focuses on the properties of the
oligonucleotide probes.
Calculation ofoligonucleotide properties
The properties of oligonucleotides calculated in this study
include melting temperature (Tm), oligonucleotide length,
GC content, entropy change (iS), enthalpy change
(iH), free energy change (iG), longest polyN, repetitive
sequence (repeat), LSL, the potential for secondary
structure and sequence similarity. Tm was calculated
with nearest neighbor model using the formula from
(21,25) which was slightly modiﬁed based on the condi-
tions used in this study:
Tm ¼ð Hx1000Þ=ðA þ S þ RlnðCt=4ÞÞ 
ð16:6log
ð½Naþ =ð1:0þ0:7½Naþ ÞÞ
10  269:3Þ F
where [Na
+]=0.6M, A is helix initiation factor equal to
 10.8, R is the universal gas constant (1.987cal/deg/mol),
Ct is the molecular concentration of the oligonucleotide
strands estimated from the probe density and volume
of hybridization buﬀer used in this study, and F is
the correction in formamide, which is 0.638C per 1%
formamide.
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of each oligonucleotide were calculated based on the
position-dependent nearest neighbor relationships of
nucleotides along probe sequences, using the uniﬁed
parameters described previously (26). Initial or terminal
ends have a penalty because they contribute less to overall
stability. Longest polyN and repeat are calculated as
follows. The potential for secondary structure, represented
by the minimum energy folding (MEF), the optimal
folding (OF) and the length of a potential stem-loop
(LSL), were computed with the following programs;
Minimum energy folding (MEF) was calculated using
hybrid-ss-min program, which is contained in
OligoArrayAux package (http://frontend.bioinfo.rpi.edu/
applications/hybrid/man/) and optimal folding (OF) is
calculated using mFold, which was used for calculating
secondary structure of DNA oligonucleotides (27), LSL
was computed by using the palindrome application
contained in the EMBOSS package (http://emboss.sour-
ceforge.net/apps/). The length of the longest stretch was
selected to represent the longest polyN. All polyN
stretches were found by regular expression and then
sorted by length. All repeats, including all polyN stretches
with a minimal length of two and the nucleotide stretches
containing at least two diﬀerent bases and having at least
one repeat in the sequences were found by regular
expression and exhaustive searching respectively. All
stretches were summarized and then normalized to the
lengths of oligonucleotides to represent the repeat.
Sequence similarity (SeqS) was computed as follows: (1)
Performed Basic Local Alignment Search Tool (BLAST)
analysis to ﬁnd the regions that have over 70% homology
to the oligonucleotide of the query. The unmasked human
genome sequences of HG18 assembly were used as the
database; (2) Fetched the sequences that have over 70%
matches to the query sequence; (3) All sequences with 70%
match to a given oligonucleotide were aligned and SeqS
was calculated using the following formula:
SeqS ¼ð
X L
i¼1
X N
j¼1
CijÞ=100   L
where N is the number of similar regions fetched with
respect to a speciﬁc oligonucleotide and L is the length of
a given oligonucleotide of query. Cij is the score for
position i of a sequence j in N. Cij=100 if the base at that
position is consistent with the base at the same position in
the oligonucleotide of query, Cij=0 otherwise. SeqS is a
summarization of the number of potential targets and the
homologies of these targets. When all potential targets
have a homology of 100%, SeqS is simply the number of
potential targets. Otherwise, SeqS will be a representative
number of targets of 100% matches.
Previous work (16) suggests that oligonucleotide probes
having >75% identity with nontargets cause cross-
hybridization. There are other studies with slightly
diﬀerent results, e.g. 70% homology to 60-mer probes
(15) and 85% homology to both 50- and 70-mer probes
(7). We chose 70% homology as a cutoﬀ for calculating
SeqS after studying our datasets. We found that the HSI
declines to  12% when SeqS drops to 70% and does not
drop signiﬁcantly further with SeqS below 70% (see
Supplementary Data).
Marginal analysis ofindividual oligonucleotide properties
The impact of individual oligonucleotide attributes on the
hybridization signal can be observed by performing a
marginal analysis. To that end, we classiﬁed each
oligonucleotide attribute into very small bins. The signals
in each bin were averaged and the diﬀerence between two
adjacent bins can be viewed as a marginal change. Plotting
this marginal change in terms of the median and average
HSI allows us to view the marginal eﬀect of an
oligonucleotide attribute on HSI. We classiﬁed each
attribute into very small bins so that the eﬀect of even a
very small change on an oligonucleotide property can be
observed. To reduce the biases that may be introduced
from a small number of oligonucleotides, all the bins
containing more than 200 oligonucleotides are displayed
except one bin (LSL=2) in LSL versus HSI (Figure 1).
Analysis ofpositional effect
We adopted and modiﬁed the method of Naef and
Magnasco (28) in investigating probe aﬃnity on intensity
in large datasets via a linear model, and developed the
following linear model to investigate the positional eﬀects
of diﬀerent nucleotides on HSI.
log2 Intensity ¼
X 60
k¼1
X
j2fA,T,C,Gg
 j,kIðbk ¼ jÞ
where k is the position along the probe, j is the nucleotide
letter and I( b k=j) is the indicator taking the value 1 if
nucleotide j is present in position k, and 0 otherwise.  j,k is
the contribution of nucleotide j at the position k.
Removal of sequence-biased signals
We used the average intensities of the random probes
across the 39 chips in Dataset I to further explore how
much bias of oligonucleotide properties of HSI is
removable. Random probes are considered negative
controls in which any signals arising from these probes
are due to nonspeciﬁc hybridization. The random probes
are divided into a training set and a test set. A regression
tree was built on the training set to study the eﬀect of
oligonucleotide attributes on probe intensities. We used
this regression tree to predict the bias of intensities on the
test set. Since the test set is not used in constructing the
regression tree, the corrected probe intensities obtained by
subtracting the predicted intensities from the observed
intensities will reﬂect the signiﬁcance of the eﬀect of
oligonucleotide attributes. To measure the extent of
removal of the bias in the observed intensities due to
oligonucleotide properties, we used a clustering algorithm
package in R (mclust) (29) to predict the number of
Gaussian distribution components that best explain the
observed intensities. In an ideal case, we expect the mclust
algorithm to predict a single Gaussian component that
represents the noise distribution on the log base 2
transformed intensities of the random probes.
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oligonucleotide properties
A regression tree is a piecewise linear estimate of a
regression function, which is constructed by recursively
partitioning the data and sample space. In this study,
we employed the GUIDE (Generalized, Unbiased,
Interaction Detection and Estimation) algorithm to
build the piecewise linear regression models with uni-
variate splits. Compared to other algorithms, (such as
AID, CART and FIRM), GUIDE can control bias more
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Figure 1. Marginal analysis of each oligonucleotide property on HSI. All boxplots shown were generated from Dataset I (genomic DNA
hybridization) and the number of probes in each bin>200 except LSL=2, which contains 11 samples. For display, log base 2 transformation was
applied before the data was plotted (except for averages). Red circles represent the log base 2 averages of untransformed data in each bin, not the
average of log base 2 transformed data. This allows the fold change to be viewed in the original scale. MEF, OF, iS, iH and iG are all of
negative values.
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and bootstrap calibration of signiﬁcance probabilities.
More importantly, GUIDE allows for direct detection of
local two-variable interactions (30).
GUIDE works by recursively partitioning the data into
subsets such that the deviance is the smallest among all
possible partitions. We kept partitioning the data, i.e.
growing the tree until the number of probes in each subset
is below a certain threshold to obtain a maximal tree
structure. To avoid over-partitioning the data, i.e. over
ﬁtting, the regression tree was pruned back so that the
deviance of the ﬁnal tree is within an assigned standard
error of the original maximal tree. Choosing a reasonable
standard error for pruning would result in a tree of
moderate size that is suﬃcient enough to diﬀerentiate the
contribution of diﬀerent oligonucleotide attributes on HSI
without losing predictive power. An oligonucleotide
property that appears higher on the tree as a splitting
variable has a more signiﬁcant eﬀect on HSI. Here is a
brief illustration of how GUIDE works.
Tm≤76 
repeats≤3
8.5 
 9.5  10
This regression tree partitions the data into three
subsets. Probes that have Tm 768C have mean intensities
of 8.5. Probes with Tm>768C and a repeat score 3 have
mean intensities of 9.5. Probes with Tm>768C but a
repeat score >3 have mean intensities of 10.
For large datasets such as those used in this study,
regression trees have the potential to demonstrate
relatively complex forms of data structure, which may
not be detected with conventional regression modeling. In
addition, regression trees are capable of capturing non-
additive eﬀects from large datasets like interaction
between diﬀerent predictors (31).
Match fragment extension (MFE) andmatch
fragment sliding (MFS)experiments
We designed two experiments to test HSI variation with
respect to the position (MFS) and length (MFE) of a
subsequence that matches a target (Figure 2). In the MFE
experiment (Figure 2A), 1145 probes of 60-mer length
were randomly selected from Dataset I. Then each of these
1145 probes served as a template to generate nine
oligonucleotides with an identity length of 15, 20, 25, 30,
35, 40, 45, 50 or 60-mer at the protruding end (50 end). The
rest of the sequence was ﬁlled with random bases from [A,
T, C, G]. In total, 10305 probes were generated. The MFE
experiment thus tests the eﬀect of longer and longer
matching probes starting from the 50 end. In the MFS
experiment, 155 template probes were randomly drawn
from Dataset I. For each template, 36 oligonucleotides
were generated, each with a 25-mer fragment identical to
the original template starting at a position between 1 and
36. The rest of the sequence was ﬁlled with random bases
from [A, T, C, G]. In total, 5580 probes were generated.
The MFS experiment thus tests the importance of position
for the matching 25-bp fragment. The hybridization
conditions were the same as described (32) and there
were four replications for both MFE and MFS
experiments.
RESULTS
Melting temperature (Tm)
The marginal analysis of Tm on HSI (Figure 1) shows that
Tm is one of the most important factors, as minor changes
in Tm can cause a substantial change in HSI. The probes
with a Tm between 50 and 578C have low HSI while
probes with Tm between 588C and 768C show increasing
HSI with Tm. Probes with higher Tm tend to have higher
HSI. Under our experimental conditions, a probe with a
Tm of 748C exhibits an average HSI of 8-fold of that of
a probe with a Tm of 508C and a median HSI of more than
6-fold of that of a probe with a Tm of 508C.
The signiﬁcant impact of Tm on hybridization signal can
be easily explained. The probes with higher Tm also have
higher annealing temperature, Ta. Tm is the temperature at
which 50% of DNA double-helix molecules become
denatured to single strands, while the annealing tempera-
ture is the temperature at which probes anneal to the
complementary DNA strands and form stable helices.
Ta is estimated empirically to be 5–108C lower than Tm
0 10 20 30 40 50 60 nt 
B
A
Figure 2. (A) MFE. The matched fragment has a starting length of 15
and extends 5nt each time until the length reaches 50nt (original full-
length template was added as control). (B) MFS. Length of the sliding
fragment is 25nt. Matching regions are shown in black bars, while
nonmatched regions are shown in lines. The sliding step is 1nt.
The positions of nonmatched were ﬁlled with a random base from
A, T, C and G.
2930 Nucleic Acids Research, 2008, Vol. 36, No. 9(33,34). Therefore, oligonucleotides with higher Tm should
have a higher Ta accordingly, and they can easily form
more stable double strand polynucleotides at a lower
hybridization temperature owing to the formation of more
hydrogen bonds between the two strands.
The conspicuous relationship between Tm and HSI is in
agreement with the observation that signal intensities
increase monotonically with the increasingly negative free
energy changes (12) because the change of free energy is
Tm based (iG= RT ln K). Tm and iG are highly
correlated (r= 0.98) in our dataset. The relationship
between Tm and HSI is also consistent with melting
experiments in which the degree of hybridization is a
function of temperature (13).
Lengthand hybridization
A relationship between HSI and probe length was
inspected with microarray data expression tiling arrays
containing a total of  3.4 million probes. All HSIs were
plotted with boxplots (Figure 3A). It is obvious that most
probes of a variety of lengths have nearly equal median
and average HSI. Probes with length of 71nt have nearly
the same median as adjacent lengths but a higher average;
this is caused by outliers (Figure 3A). Thus, if we are able
to explain the two other exceptions of 45 and 49nt, we
then can conclude that the inﬂuence of length on HSI is
limited.
As we have just shown, Tm has a signiﬁcant inﬂuence on
HSI, the higher median and average HSI of the 45nt and
lower average and median HSI of 49nt are likely to be
caused by the higher and lower Tm of these two groups
respectively. The 45-nt oligonucleotides have a median Tm
of 62.18C and an average Tm of 62.78C. 49-nt oligonucleo-
tides have a median Tm of 53.98C and an average Tm of
53.78C. The oligonucleotides of other lengths have a
median Tm between 55.68C and 57.78C and an average Tm
between 55.38C and 57.68C. If Tm is primarily responsible
for the HSI diﬀerence seen in oligonucleotides of 45 and
49nt, we should observe approximately the same HSI for
all lengths once the probes with higher and lower Tm in
these two lengths are excluded. To test this, we removed
the probes with Tm<538C and Tm>638C for all sizes. We
then re-plotted length versus HSI (Figure 3B). Probes of
45 and 49nt now have approximately the same median as
probes of other lengths, implying that higher and lower
Tm is primarily responsible for stronger and weaker
signals observed for 45 and 49nt lengths, respectively.
Sequencesimilarity
The propensity for homologous sequences to cross-
hybridize has clearly been demonstrated in Southern,
northern and in situ hybridization, and it is for this
reason that some researchers and chip vendors have
attempted to design oligonucleotides with low SeqS. The
eﬀect of SeqS on HSI has not been comprehensively
studied. Our results suggest that inﬂuence of SeqS on HSI
can be classiﬁed into three distinct types. HSI increases
nearly linearly with SeqS from 1 to 16 (Figures 1 and 4).
HSI is relatively uniform between SeqS of 17–39. A surge
of hybridization signals was observed when SeqS is >39
(Figure 4). In this case, HSI can reach 11-fold in median
and 5.4-fold in average of their values at SeqS of 1. The
median/average HSI ﬂuctuates dramatically with SeqSs
above 39 due to the small number of observations at each
SeqS. Nevertheless, the median/average HSI is much
higher with SeqS above 39 than it is with lower SeqS
values. From the deﬁnition shown earlier, a SeqS of 40
means there are 40 copies of 100% match or 57 copies of
70% match to the oligonucleotide probes in the human
genome. In this sense, we are able to conclude that the use
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Figure 3. Boxplots of length versus HSI. (A) All probes. (B) Probes
with Tm from 53 to 638C. The average HSI for each length was added
to the ﬁgures in red circles. For display, log base 2 was applied before
the data was plotted. Red circles represent the log2 of the averages of
untransformed data of each bin. Length 74 and 75nt were not shown
because of the small number of probes in these two bins.
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Figure 4. The eﬀect of SeqS on HSI. Each HSI value shown within
SeqS 49 is the average of at least 30 probes from the chips, and each
HSI value within SeqS>49 is the average of at least two but less than
29 probes. Note that number of probes in each point above a SeqS of
39 is small, explaining the ﬂuctuations seen in the large SeqS. The
horizontal dashed lines are the average of all samples within SeqS of
1–16, 17–38 and 38–150 respectively.
Nucleic Acids Research, 2008, Vol. 36, No. 9 2931of probes that have more than 40 perfect matches in the
genome signiﬁcantly increases the sequence-biased
signals. Although only  0.5% probes have a SeqS>39,
the genes represented by these probes have ahigh chance of
being called expressed, or highly expressed when in fact
they are not.
Secondary structure
Three oligonucleotide attributes that represent secondary
structure were analyzed. They are MEF, OF and LSL.
MEF and OF are highly correlated (r=0.987) and the
correlation coeﬃcient between MEF and HSI and the
correlation coeﬃcient between OF and HSI are identical
(r= 0.30). Their eﬀects on HSI are very similar
(Figure 1), which is also suggested by regression tree
analysis (Figure 9). Therefore, using either one of them to
represent secondary structure is equally suﬃcient.
Compared to LSL, MEF and OF appear to be better
attributes to represent secondary structure than LSL
(Figure 7A and B). The scaled importance of either MEF
or OF from regression tree analysis is slightly larger than
that of LSL (28.1 versus 22.8) for expression tiling and
much larger than that of LSL (34 versus 17.8) for gDNA
hybridization. In addition, the correlation coeﬃcient
between LSL and HSI (0.1) is much smaller than that
between either MEF and HSI or OF and HSI.
Oligonucleotides that have LSL 2 tend to have
much higher HSI than the oligonucleotides that have
LSL 3 (Figure 1). The average and median HSI with
LSL 2 is 3.4- and 5.1-fold more than these with LSL 3,
suggesting that intramolecular pairings of 3 nucleotides
can form a secondary structure that signiﬁcantly reduces
hybridization.
Otheroligonucleotide attributes
The impact of polyN on HSI is diﬃcult to determine
because the polyN only ranges from 2 to 6 in this study.
HSI increases slightly with polyN from 2 to 4 and then
starts to decline with higher polyN (Figure 1). The same
pattern was still observed when probes within a narrow
range of Tm(558 Tm 55.58) were plotted (not shown).
Nevertheless, although the relationship between polyN
and HSI is not monotonous, polyN stretches can indeed
cause the HSI to change up to twofold in median and
1.6-fold in average in the data we analyzed.
Position-dependent effects on HSI
DNA probes immobilized on a solid surface at high
density exhibit diﬀerent hybridization dynamics than
DNA in solution, as shown by several studies
(10,35–41). Protruding ends of probes are postulated to
have a larger role in hybridization than the tethered-ends
in hybridization, likely due to steric eﬀects. We employed
linear regression models to investigate the ranking of
importance of positional eﬀect along the probes. The
result is shown in Figure 5. We found that the bases
contribute to the HSI in descending order of
G>C>T>A within the position 0–40 from the protrud-
ing end. This order was in agreement with the order
concluded from a previous study (42) on Aﬀymetrix
25-mer oligonucleotides but slightly diﬀerent from the
order concluded from NimbleGen 36-mer oligonucleo-
tides, in which C>G>T>A was observed (42). Our
results suggest that the relative contribution of nucleotides
becomes indistinguishable after position 40 in 60-mer
probes. As anticipated, protruding ends contribute more
to HSI than tethered ends. The contribution of nucleotides
to HSI reaches a peak around position 10 from the
protruding ends.
To conﬁrm that protruding ends produce more signal,
we designed MFS and MFE experiments to test this, and
results from these two experiments are in agreement with
above analysis. The result from the MFS experiment
clearly showed that the protruding ends contribute more
to the HSI with match fragments at the protruding end
having 1.77-fold more signal than match fragments at the
tethered end (Figure 6A). Results from the extension
experiment showed that the ﬁrst 40 nucleotides near the
protruding ends on average produced 99.3% signal of that
of a 60-mer probe (Figure 6B), suggesting that the 20
nucleotides near the tethered ends do not contribute to the
signal.
Regression tree analysis of all studied oligonucleotide
properties
Marginal analysis provides us a way to assess the impact
of individual oligonucleotide properties on HSI. A more
comprehensive statistical approach is needed to look at
the relationships between various oligonucleotide proper-
ties and HSI. Regression trees with GUIDE can fulﬁll this
purpose not only because GUIDE trees provide a good
compromise between comprehensibility and predictive
accuracy, but also because they provide unbiased predic-
tion and are more sensitive to the local interaction during
the split selection (30). A regression tree comprises a
hierarchy of nodes. At each node except the bottom ones,
a logical test is performed on one of the predictor (input)
variables. The leaves of the tree contain the average
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Figure 5. Contribution of oligonucleotide composition to HSI at
diﬀerent positions.
2932 Nucleic Acids Research, 2008, Vol. 36, No. 9prediction of the model. Each test has the form Variable
Operator Value (e.g. Temperature <45.7), and has two
possible outcomes, true or false. Any path from the top
node to a leaf can be seen as a conjunction of logical tests
on the predictor variables. The trees grown with the
recursive partitioning algorithm are typically postpruned
to ensure a better compromise between comprehensibility,
predictive accuracy and to prevent over-ﬁtting.
We applied the regression tree GUIDE algorithm to
our microarray datasets with HSI as the predicted
attribute and oligonucleotide properties as input attributes
or regressors. The results from Dataset I and Dataset II
suggest that Tm is the variable that has the most signiﬁcant
impact on HSI, and that all other properties have less than
40% the impact on HSI that Tm does (Figure 7A and B).
Small diﬀerences in the ranking of diﬀerent properties in
genomic DNA and cDNA hybridization were observed.
Repeats contribute threefold more in whole genomic
DNA hybridization (Figure 7A) than in cDNA hybridiza-
tion (Figure 7B). iS also plays a more important role in
genomic DNA hybridization than in cDNA hybridization
(Figure 7A and B). polyN contributes slightly more in
genomic DNA hybridization than in hybridization of
cDNA. LSL has an equivalent eﬀect in either genomic
DNA or mRNA samples. Consistent with the marginal
analysis, cross-hybridization does not play a signiﬁcant
role in genomic DNA hybridization, and length contri-
butes very little to the HSI compared to other oligonu-
cleotide attributes.
The interaction among diﬀerent oligonucleotide proper-
ties on HSI can be observed in Figure 9. The interaction
seems to be more complicated as Tm increases. When Tm is
low, Tm shows occasional interaction with secondary
structure represented by MEF or OF. When Tm is
moderate, Tm has a stronger interaction with MEF or
OF and occasional interaction with R (repeats). When Tm
is high, Tm interacts more intensively with polyN, repeats
and LSL. The regression tree analysis suggests that
repeats, polyN and LSL contribute more sequence-
biased noise in oligonucleotides with higher Tm while
MEF or OF contributes more sequence-biased noise in
oligonucleotides with a moderate Tm.
Correction of sequence-biased signals
Since random probes are negative control probes, the log
base 2 transformed intensities should obey a Gaussian
distribution, analogous to noise. Therefore we expect the
mclust algorithm (29) to predict a single Gaussian
component on the intensities of random probes in an
ideal case. However, as evidenced in panel A of Figure 8,
the mclust algorithm predicted ﬁve Gaussian mixture
components on the intensities of these random probes,
demonstrating the presence of bias in the observed signals.
Figure 8B shows the same analysis on the corrected probe
intensities by removing the eﬀect of oligonucleotide
properties. This again illustrates the majority of the bias
of oligonucleotide properties on HSI can be removed, as
shown by the reduction in the predicted number of
Gaussian mixture components on an independent test set.
Moreover, the distributions of the probe intensities
become more symmetrical after the correction as would
be expected for random probes. Similar results are
observed when the analysis was implemented on the
probes in Dataset I as given in the bottom two panels
(C and D) of Figure 8.
DISCUSSION
Although microarray technology has been employed for
more than ten years, concern over the quality of
microarray data persists because the technology involves
multiple complicated processes that are very diﬃcult to
control or fully understand. The design of unbiased probes
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Figure 6. (A) The expression levels (log base 2) measured by 25-mer
perfectly matched sliding fragments within 60nt oligonucleotides. For
each start position, 620 probes (155 template oligonucleotides 4
replicates) were used for computation. (B) Extension of the matched
fragment from the protruding end to the tethered end of oligonucleo-
tide. The number preceding the ‘M’ is the length of matched fragment
and the number preceding the ‘R’ is the length of random sequences.
For each matched length, data harvested from 1145 template
oligonucleotides 4 replications were used for computation.
Nucleic Acids Research, 2008, Vol. 36, No. 9 2933is one of the most crucial steps of these processes, and
studying and understanding the behavior of oligonucleo-
tides on a solid surface at high density is the ﬁrst step to
designing unbiased probes. In this study, we determine the
importance of oligonucleotide properties in aﬀecting
hybridization signals by investigating a large volume of
high-density microarray datasets, covering both expres-
sion chips hybridized with DNA and expression tiling
chips hybridized with cDNA reverse transcribed from
mRNA samples. This information is useful for
guiding the design of sequence unbiased oligonucleotides
or in normalizing data from chips with biased
oligonucleotides.
The probes that have the potential for strong sequence-
biased signals are those that have higher Tm (Figure 9).
Higher Tm probes are capable of capturing nonspeciﬁc
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2934 Nucleic Acids Research, 2008, Vol. 36, No. 9targets, mainly due to their stronger aﬃnities arising from
more G/C in their sequences which is augmented by the
presence of polyN stretches and repeats, both enhancing
the generation of sequence-biased signals on higher Tm
probes. The bias of HSI by secondary structures seems to
be favored in the probes with modest Tm, suggesting that a
partial duplex is probably formed before the melting of
secondary structures. As a result, the secondary structure
strongly impedes the hybridization. This result is in
agreement with a recent observation that secondary struc-
ture is not the rate-limiting factor at high temperature (43).
In general, high Tm probes show more interaction with
other attributes (such as LSL, polyN and secondary
structure) than do probes with low Tm.
For the ﬁrst time, we provide evidence that length in
long oligonucleotides plays a minor role in inﬂuencing
HSI. One earlier study (14) involving only 56 probes of
50nt length and 56 probes of 70nt length reported that the
signal intensities changed very little at the two diﬀerent
lengths. Intermediate length probes were not studied,
making interpretation diﬃcult. In our report, length was
studied at 1nt increments between 45 and 75nt, and our
results were derived from more than 3 million probes.
Based on the fact that Tm has the largest marginal eﬀect on
HSI and length has the smallest marginal eﬀect on HSI, we
suggest designing isothermal probes by relaxing the
constraint imposed on length. NimbleGen was one of the
ﬁrst microarray vendors to take the isothermal approach
and many vendors are following suit. Unfortunately,
vendors often impose constraints on the shortest or longest
length allowed. These limitations may confound results
because of eﬀects on HSI caused by variant Tm values in
the length-limited cases. Although other oligonucleotide
properties, including SeqS, polyN, repeat, LSL and
entropy (iS), usually have 40% or less impact on HSI
compared to the eﬀect of of Tm, their eﬀect on HSI cannot
be neglected because the change of HSI caused by these
attributes can reach a few fold which is enough to change
the interpretation of microarray data results.
It is easy to imagine that HSI is proportional to SeqS.
Our results demonstrated that the impact of SeqS on HSI
is small but complex. One possible explanation is that the
hybridization of targets to probes is competition-based
and the displacement of imperfectly-matched targets by
perfectly matched targets happened to some degree when
hybridization is performed for a suﬃciently long time.
This explanation is seemingly supported by the evidence
acquired by employing real-time dual-color ﬂuorescence
technology and quartz microscopy (39), in which two
phases of hybridization are observed. During the ﬁrst
phase, the targets that are in higher abundance dominate
the hybridization, whereas during the second phase, the
targets with high aﬃnity displace those with low aﬃnity.
The surge observed at SeqS equal to  39 is hard to
explain, but indicates SeqS can potentially give rise to
signiﬁcant bias for high values of SeqS. Although the
probes with SeqS>39 are only about  0.5% of all
probes, the genes represented by these probes have a high
chance of being called expressed, or highly expressed when
in fact they are not. Due to the signiﬁcant enhancement,
these false-positives may be selected by biologists for
downstream analysis. We show this phenomenon, as it
may be worthy of further study. The relatively larger
variance based on SeqS (Figure 1) may result from the
complicated interactions of perfect matched oligonucleo-
tides and partially matched oligonucleotides. Certainly, we
could not rule out the possibility that the SeqS is not a
suﬃcient index to reﬂect these complicated interactions
during this process that involves the whole genome.
Although we know of some studies attempting to evaluate
cross-hybridization using relative free energy of match and
mismatch duplex formation (10,44), the models proposed
are still not mature. These models are suitable for
evaluating probes and speciﬁcally designed targets and
are not robust enough to be used for evaluating probes
and the whole genome.
We speculate that intended targets present in comple-
mentary strands in hybridization buﬀer can trigger the
formation of complicated hybridization aggregates when
they reach a threshold concentration, at which the
association of a probe to multiple targets or a target to
multiple complement targets become facile and dominat-
ing. In any case, the results shown here suggest that
HSI strongly depends on not only the relative richness of
the targets, but also the concentration of the targets.
Therefore, caution must be taken when more than
adequate quantities of targets are used in hybridization,
which may result in the dramatic increase of HSI for those
probes that have higher SeqS.
We believe this is the ﬁrst time that thermodynamic
approaches such as MEF/OF have been directly compared
with LSL using large-scale microarray data. Thermodyn-
amic approaches such as MEF or OF represent secondary
A  L1: TTTTTT|TTTTTT|TTTTTT|TTTTTT|TTTTTT|TTTTTT|TTTTTT|TTTTTT
  L2: TTTTTT|TTTTTT|TTTTTT|TTTTTT|TTTTTT|TTTTTT|TTTTTT|TTTTTT
  L3: TTTTTT|TTTTTT|TTTTTT|TTTTTT|FFTTTT|FFTTTT|TTTTTT|TTTTTT
  L4: TTTTTT|TTTTTT|FFFFFF|FFFTFF|FTFFFF|TTFFFF|FFFFFF|NNFNLN
B  L1: TTTTTT|TTTTTT|TTTTTT|TTTTTT|TTTTTT|TTTTTT|TTTTTT|TTTTTT
  L2: TTTTTT|TTTTTT|TTTTTT|TTTTTT|TTTTTT|TTTTTT|TTTTTT|TTTTTT
  L3: TTTTTT|TTTTTT|TTTTTT|TTTTTT|TTFTTT|TTFTTT|TTTTTT|TTTTTT
  L4: TTTTTT|TTTTTT|FFFTFT|FFFFFF|FFFFFF|FFTFRF|FFFFFF|NLNFNF
C  L1: TTTTTT|TTTTTT|TTTTTT|TTTTTT|TTTTTT|TTTTTT|TTTTTT|TTTTTT
  L2: TTTTTT|TTTTTT|TTTTTT|TTTTTT|FFFFFF|FFFFFF|FFFFFF|FFFFFF
  L3: TETTTT|TETTTT|FTTTTT|TTTTTT|TTTTTF|FTTTTT|TTTTTT|TTTTTT
  L4: EEEEEE|TEEEEF|EEEEFE|EFFFFE|FFTTFT|TFTFFF|NEFFNF|RRFRFN
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Figure 9. Complete paths extracted from regression tree analysis of six
subsets of data. Each vertical column is a path on the regression tree
and only four depths are displayed. (A and B) are from Dataset I
(genomic DNA hybridization). (C) is from Dataset II (cDNA
hybridization). For 9A, MEF was used for analysis. For 9B, OF was
used for analysis. L1–L4 represent the depths of the regression trees, T,
Tm; F, MEF/OF; L, LSL; N, polyN; R, repeat; E, leaf node. Eight
branches of the tree are displayed. Each branch is comprised of six
paths derived from six sub-datasets. For each node, the left child is less
than the right child.
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predicted with internal base-pairing approaches are still
widely used. The lower accuracy of LSL in representing
secondary structures suggests that the probes may not
necessarily fold to form a typical stem-loop structure with
maximal stem length. Nevertheless, we have observed
higher HSIs for oligonucleotides with LSL 2 than we do
for oligonucleotides with LSL 3, indicating that LSL
should be considered in oligo design. In addition,
secondary structure represented by MEF/OF is one of
the higher-ranking oligonucleotide properties in aﬀecting
the HSI (Figure 7A and B), and thus, they should receive
much more attention in oligonucleotide design. This
conclusion is in agreement with a prior study (4), which
indicates that secondary structures aﬀect probe binding
eﬃciency noticeably and should receive more attention.
Our results from MFS and MFE experiments clearly
imply there is a penetrable layer for hybridization, and the
depth of this layer is 40nt for 60-mer oligonucleotides.
Coincidently, oligonucleotides tend to have the same
average HSI when they are more than 45nt long. Steel’s
ﬂexible coil conﬁguration model (38) is probably not valid
for long oligonucleotides because the phenomenon was
not observed on high density arrays, and it cannot explain
the reduced inﬂuence of probe length on HSI when probes
are more than 45nt long. We propose an alternative
scenario based on our results from studying the length–
HSI relationship, and MFS as well as MFE experiments:
We speculate that probes, when synthesized at very high
density, take on a ‘coil-like’ conﬁguration. The persistent
length of ssDNA is  10 bases or  4nm (45), suggesting
that the ﬁrst ten bases near the surface is stiﬀ and the rest
is ﬂexible and presumably forms a coil-structure. In
addition, the radius of gyration in hybridization phase
(ssDNA) is 15–20nm (45), which is larger than the average
distance between two adjacent probes in NimbleGen high-
density chips (NimbleGen high-density chips contain  10
6
probes in 15 15 ). In this case, the depth of the
penetrable ‘layer’ for hybridization depends more on
probe density than on length. Prior data implicates the
density of probes as a factor aﬀecting target-capture rates
(36). In addition, length is a confounding factor and the
impact of length on other attributes e.g. Tm becomes
insigniﬁcant when the oligonucleotides are >40nt long.
For example, when length is between 25 and 30nt long,
one base change in length can cause Tm to change  0.88C.
This impact is decreased to  0.278C for oligonucleotides
with a length between 41 and 45nt and  0.18C for
oligonucleotides with length between 76 and 80nt,
implying that the same length change in shorter oligonu-
cleotides can cause more dramatic changes in the
resulting HSI. As protruding ends produce more signals,
we suggest that probe selection criteria should attach
more weight to the protruding ends of oligonucleotide
candidates.
Diﬀerences in the ranking of diﬀerent properties in
genomic DNA and cDNA hybridization can be explained
in the context of a biological scheme. For example, repeats
contribute 2.5-fold more in genomic DNA hybridization
than in cDNA hybridization. Although the mechanism for
this is not clear, repetitive sequences present in the probe
sequences may result in more nonspeciﬁc signals when
targets are genomic DNAs, as in situ hybridization
experiments show that the stringency wash is crucial for
getting rid of nonspeciﬁc signals (5). iS also plays a more
important role in genomic DNA hybridization than in
cDNA hybridization (Figure 7). This may be caused by
the formation of more dsDNA during hybridization that
demands more change in entropy for hybridization (43).
polyN contributes slightly more in genomic DNA
hybridization than in hybridization of cDNA, probably
because there are more nonspeciﬁc targets in the genomic
DNA samples. LSL is an intramolecular pairing structure,
and once formed, it probably challenges genomic DNA or
cDNA samples similarly. We indeed observe relatively
invariant contribution of LSL in genomic DNA hybridi-
zation and cDNA hybridization. However, the folding
properties as represented by MEF and OF do play
diﬀerent roles when targets are genomic DNA and
cDNA derived from mRNA. Folding ability plays a
more important role in enhancing target-probe formation
or stability when targets are genomic DNAs. We thus
observed more impact of MEF and OF in genomic DNA
hybridization.
The analysis performed on Dataset II did not take into
account SeqS, because Dataset II is derived from
hybridization of cDNAs that represents mRNAs. It is
impossible to calculate SeqS of oligonucleotides for
transcripts given the unknown number of transcripts and
their abundance in the genome. New technologies have
revealed an unprecedented number of transcripts, which
include polyA
  mRNA species, an extensive repertoire of
siRNA, and numerous previously unidentiﬁed RNA
species resulting from alternative promoter usage and
intron splicing (46–49). Nevertheless, given that the
impact of SeqS on HSI is limited and that there is no
signiﬁcant correlation between SeqS and other oligonu-
cleotide properties, we assert that the general ranking and
importance of the oligonucleotide properties concluded
from Dataset II are correct.
When two channels are used, some sequence bias can be
removed by taking a ratio of the two channels. However,
the quantity of sequence bias removed is not well
documented. In addition, two-color labeling has been
shown to introduce its own sequence bias and complicate
normalization (50,51). Finally, two channels are not
employed in many large-scale expression and tiling
experiments owing to the increased cost. Removing or
minimizing sequence bias at design time avoids these
issues.
Many other factors such as type of hybridization buﬀer,
type of solid surface, length of stilt, probe density (36),
as well as target concentration and target properties (52),
may aﬀect the relationships within oligonucleotide
properties and between oligonucleotide properties and
HSI found in this study. Therefore, the results we
present require further study on other platforms and
other experimental conditions. Nonetheless, we believe
that the results presented here are useful for the design of
sequence-unbiased probes, allowing for more accurate
representations of biological phenomena via microarrays.
2936 Nucleic Acids Research, 2008, Vol. 36, No. 9SUPPLEMENTARY DATA
Supplementary Data are available at NAR Online.
ACKNOWLEDGEMENTS
We thank members of Dr James A. Thomson’s lab at the
University of Wisconsin for providing DNA and RNA
samples for hybridization, Karen Jenny Heidarsdottir
and Bryndis Krogh Gisladottir for producing micro-
array data and Deborah J. Faupel for critical reading of
the manuscript. We also thank Dr Michael Zuker at
Rensselaer Polytechnic Institute for the usage of the
OligoArrayAux package and Dr John SantaLucia at
Wayne State University for sharing the parameters of the
nearest neighbor model for long oligonucleotides. This
study was supported by National Institutes of Health
(HG03747 to P.F.K. and S.K., RR000167 to J.A.T.):
phRMA Foundation Research Starter Grant to P.F.K.
and S.K.; UW Foundation grant to P.F.K. Funding to
pay the Open Access publication charges for this article
was provided by NIH grants HG03747 and RR000167.
Conﬂict of interest statement. None declared.
REFERENCES
1. van Bakel,H. and Holstege,F.C. (2004) In control: systematic
assessment of microarray performance. EMBO Rep., 5, 964–969.
2. Casey,J. and Davidson,N. (1977) Rates of formation and thermal
stabilities of RNA:DNA and DNA:DNA duplexes at high
concentrations of formamide. Nucleic Acids Res., 4, 1539–1552.
3. Draghici,S., Khatri,P., Eklund,A.C. and Szallasi,Z. (2006)
Reliability and reproducibility issues in DNA microarray measure-
ments. Trends Genet., 22, 101–109.
4. Koehler,R.T. and Peyret,N. (2005) Eﬀects of DNA secondary
structure on oligonucleotide probe binding eﬃciency. Comput. Biol.
Chem., 29, 393–397.
5. Hozier,J.C., Scalzi,J.M., Clase,A.C., Davis,L.M. and Liechty,M.C.
(1998) Diﬀerential destabilization of repetitive sequence hybrids in
ﬂuorescence in situ hybridization. Cytogenet. Cell Genet., 83, 60–63.
6. Fiche,J.B., Buhot,A., Calemczuk,R. and Livache,T. (2007)
Temperature eﬀects on DNA chip experiments from surface
plasmon resonance imaging: isotherms and melting curves. Biophys.
J., 92, 935–946.
7. He,Z., Wu,L., Li,X., Fields,M.W. and Zhou,J. (2005) Empirical
establishment of oligonucleotide probe design criteria. Appl.
Environ. Microbiol., 71, 3753–3760.
8. Kreil,D.P., Russell,R.R. and Russell,S. (2006) Microarray oligonu-
cleotide probes. Methods Enzymol., 410, 73–98.
9. Skinner,D.Z., Okubara,P.A., Baek,K.-H. and Call,D.R. (2005)
Long oligonucleotide microarrays in wheat: evaluation of hybridi-
zation signal ampliﬁcation and an oligonucleotide-design computer
script. Funct. Integr. Genomics, 5, 70–79.
10. Zhang,L., Wu,C., Carta,R. and Zhao,H. (2007) Free energy of
DNA duplex formation on short oligonucleotide microarrays.
Nucleic Acids Res., 35, e18.
11. Baldocchi,R.A., Glynne,R.J., Chin,K., Kowbel,D., Collins,C.,
Mack,D.H. and Gray,J.W. (2005) Design considerations for array
CGH to oligonucleotide arrays. Cytometry A, 67, 129–136.
12. Held,G.A., Grinstein,G. and Tu,Y. (2003) Modeling of DNA
microarray data by using physical properties of hybridization. Proc.
Natl Acad. Sci. USA, 100, 7575–7580.
13. Forman,J.E., Walton,I.D., Stern,D., Rava,R.P. and Trulson,M.O.
(1998) Thermodynamics of duplex formation and mismatch
discrimination on photolithographically synthesized oligonucleotide
arrays. In Leontis,N.B. and Santalucia,J. (eds), Molecular Modeling
of Nucleic Acids, American Chemical Society.
14. Chou,C.C., Chen,C.H., Lee,T.T. and Peck,K. (2004) Optimization
of probe length and the number of probes per gene for optimal
microarray analysis of gene expression. Nucleic Acids Res., 32, 99.
15. Hughes,T.R., Mao,M., Jones,A.R., Burchard,J., Marton,M.J.,
Shannon,K.W., Lefkowitz,S.M., Ziman,M., Schelter,J.M.,
Meyer,M.R. et al. (2001) Expression proﬁling using microarrays
fabricated by an ink-jet oligonucleotide synthesizer. Nat.
Biotechnol., 19, 342–347.
16. Kane,M.D., Jatkoe,T.A., Stumpf,C.R., Lu,J., Thomas,J.D. and
Madore,S.J. (2000) Assessment of the sensitivity and speciﬁcity of
oligonucleotide (50mer) microarrays. Nucleic Acids Res., 28,
4552–4557.
17. Gao,Y., Wolf,L.K. and Georgiadis,R.M. (2006) Secondary struc-
ture eﬀects on DNA hybridization kinetics: a solution versus surface
comparison. Nucleic Acids Res., 34, 3370–3377.
18. Anthony,R.M., Schuitema,A.R., Chan,A.B., Boender,P.J.,
Klatser,P.R. and Oskam,L. (2003) Eﬀect of secondary structure on
single nucleotide polymorphism detection with a porous microarray
matrix; implications for probe selection. Biotechniques, 34,
1082–10861088–1089.
19. Riccelli,P.V., Merante,F., Leung,K.T., Bortolin,S., Zastawny,R.L.,
Janeczko,R. and Benight,A.S. (2001) Hybridization of single-
stranded DNA targets to immobilized complementary DNA probes:
comparison of hairpin versus linear capture probes. Nucleic Acids
Res., 29, 996–1004.
20. Lane,S., Evermann,J., Loge,F. and Call,D.R. (2004)
Amplicon secondary structure prevents target hybridization to
oligonucleotide microarrays. Biosensors and Bioelectronics, 20,
728–735.
21. Skinner,D.Z., Okubara,P.A., Baek,K.H. and Call,D.R. (2005) Long
oligonucleotide microarrays in wheat: evaluation of hybridization
signal ampliﬁcation and an oligonucleotide-design computer script.
Funct. Integr. Genomics, 5, 70–79.
22. Irizarry,R.A., Hobbs,B., Collin,F., Beazer-Barclay,Y.D.,
Antonellis,K.J., Scherf,U. and Speed,T.P. (2003) Exploration,
normalization, and summaries of high density oligonucleotide array
probe level data. Biostatistics, 4, 249–264.
23. Workman,C., Jensen,L.J., Jarmer,H., Berka,R., Gautier,L.,
Nielser,H.B., Saxild,H.H., Nielsen,C., Brunak,S. and Knudsen,S.
(2002) A new non-linear normalization method for reducing
variability in DNA microarray experiments. Genome Biol., 3,
research0048.
24. Nuwaysir,E.F., Huang,W., Albert,T.J., Singh,J., Nuwaysir,K.,
Pitas,A., Richmond,T., Gorski,T., Berg,J.P. et al. (2002) Gene
expression analysis using oligonucleotide arrays produced by
maskless photolithography. Genome Res., 12, 1749–1755.
25. Sambrook,J. and Russell,D.W. (2001) Molecular Cloning. Cold
Spring Harbor Laboratory Press, 10.12–10.14.
26. SantaLucia,J.,Jr (1998) A uniﬁed view of polymer, dumbbell, and
oligonucleotide DNA nearest-neighbor thermodynamics. Proc. Natl
Acad. Sci. USA, 95, 1460–1465.
27. Ratushna,V.G., Weller,J.W. and Gibas,C.J. (2005) Secondary
structure in the target as a confounding factor in synthetic oligomer
microarray design. BMC Genomics, 6, 31.
28. Naef,F. and Magnasco,M.O. (2003) Solving the riddle of the bright
mismatches: labeling and eﬀective binding in oligonucleotide arrays.
Phys. Rev. E Stat. Nonlin. Soft Matter Phys., 68, 011906.
29. Fraley,C. and Raftery,A.E. (2002) MCLUST: Software for model-
based clustering, discriminant analysis, and density estimation.
Technical Report no. 415
30. Loh,W. (2002) Regression tress with unbiased variable selection and
interaction detection. Statistica Sinica, 2002, 361–386.
31. Maindonald,J. and Braun,J. (2003) Data Analysis and Graphics
Using R. Cambridge University Press.
32. Pan,G., Tian,S., Nie,J., Yang,C., Ruotti,V., Wei,H., Jonsdottir,G.,
Stewart,R. and Thomson,J. (2007) Whole-genome analysis of
histone H3 lysine 4 and lysine 27 methylation in human embryonic
stem cells. Cell Stem Cell, 1, 299–312.
33. Rychlik,W., Spencer,W.J. and Rhoads,R.E. (1990) Optimization of
the annealing temperature for DNA ampliﬁcation in vitro. Nucleic
Acids Res., 18, 6409.
34. Wallace,R.B., Shaﬀer,J., Murphy,R.F., Bonner,J., Hirose,T. and
Itakura,K. (1979) Hybridization of synthetic
Nucleic Acids Research, 2008, Vol. 36, No. 9 2937oligodeoxyribonucleotides to {Phi}X 174 DNA: the eﬀect of single
base pair mismatch. Nucleic Acids Res., 6, 3543–3558.
35. Hagan,M.F. and Chakraborty,A.K. (2004) Hybridization dynamics
of surface immobilized DNA. J. Chem. Phys., 120, 4958–4968.
36. Peterson,A.W., Heaton,R.J. and Georgiadis,R.M. (2001) The eﬀect
of surface probe density on DNA hybridization. Nucleic Acids Res.,
29, 5163–5168.
37. Michel,W., Mai,T., Naiser,T. and Ott,A. (2007) Optical study of
DNA surface hybridization reveals DNA surface density as a key
parameter for microarray hybridization kinetics. Biophys. J., 92,
999–1004.
38. Steel,A.B., Levicky,R.L., Herne,T.M. and Tarlov,M.J. (2000)
Immobilization of nucleic acids at solid surfaces: eﬀect of
oligonucleotide length on layer assembly. Biophys. J., 79, 975–981.
39. Bishop,J., Wilson,C., Chagovetz,A.M. and Blair,S. (2007)
Competitive displacement of DNA during surface hybridization.
Biophys. J., 92, L10–12.
40. Chan,V., Graves,D.J. and McKenzie,S.E. (1995) The biophysics of
DNA hybridization with immobilized oligonucleotide probes.
Biophys. J., 69, 2243–2255.
41. Halperin,A., Buhot,A. and Zhulina,E.B. (2006) Hybridization at a
surface: the role of spacers in DNA microarrays. Langmuir, 22,
11290–11304.
42. Royce,T.E., Rozowsky,J.S. and Gerstein,M.B. (2007) Assessing the
need for sequence-based normalization in tiling microarray experi-
ments. Bioinformatics, 23, 988–997.
43. Chen,C., Wang,W., Wang,Z., Wei,F. and Zhao,X.S. (2007)
Inﬂuence of secondary structure on kinetics and reaction
mechanism of DNA hybridization. Nucleic Acids Res., 35,
2875–2884.
44. Sugimoto,N., Nakano,S., Yoneyama,M. and Honda,K. (1996)
Improved thermodynamic parameters and helix initiation factor to
predict stability of DNA duplexes. Nucleic Acids Res., 24,
4501–4505.
45. Mercier,J.F., Slater,G.W. and Mayer,P. (2003) Solid phase DNA
ampliﬁcation: a simple Monte Carlo Lattice model. Biophys. J., 85,
2075–2086.
46. Cherubini,E., Gustincich,S. and Robinson,H. (2006) The mamma-
lian transcriptome and the cellular complexity of the brain.
J. Physiol., 575, 319–320.
47. Bertone,P., Stolc,V., Royce,T.E., Rozowsky,J.S., Urban,A.E.,
Zhu,X., Rinn,J.L., Tongprasit,W., Samanta,M., Weissman,S. et al.
(2004) Global identiﬁcation of human transcribed sequences with
genome tiling arrays. Science, 306, 2242–2246.
48. Carninci,P., Kasukawa,T., Katayama,S., Gough,J., Frith,M.C.,
Maeda,N., Oyama,R., Ravasi,T., Lenhard,B., Wells,C. et al. (2005)
The transcriptional landscape of the mammalian genome. Science,
309, 1559–1563.
49. Gustincich,S., Sandelin,A., Plessy,C., Katayama,S., Simone,R.,
Lazarevic,D., Hayashizaki,Y. and Carninci,P. (2006) The complex-
ity of the mammalian transcriptome. J. Physiol., 575, 321–332.
50. Song,J.S., Johnson,W.E., Zhu,X., Zhang,X., Li,W., Manrai,A.K.,
Liu,J.S., Chen,R. and Liu,X.S. (2007) Model-based analysis of two-
color arrays (MA2C). Genome Biol., 8, R178.
51. Cox,W.G., Beaudet,M.P., Agnew,J.Y. and Ruth,J.L. (2004)
Possible sources of dye-related signal correlation bias in two-color
DNA microarray assays. Anal. Biochem., 331, 243–254.
52. Liu,W.T., Guo,H. and Wu,J.H. (2007) Eﬀects of target length on
the hybridization eﬃciency and speciﬁcity of ribosomal RNA-based
oligonucleotide microarrays. Appl Environ Microbiol., 73, 73–82.
2938 Nucleic Acids Research, 2008, Vol. 36, No. 9